Leaf area index (LAI) and biomass are important indicators of crop development and the availability of this information during the growing season can support farmer decision making processes. This study demonstrates the applicability of RapidEye multi-spectral data for estimation of LAI and biomass of two crop types (corn and soybean) with different canopy structure, leaf structure and photosynthetic pathways. The advantages of Rapid Eye in terms of increased temporal resolution (∼daily), high spatial resolution (∼5 m) and enhanced spectral information (includes red-edge band) are explored as an individual sensor and as part of a multi-sensor constellation. Seven vegetation indices based on combinations of reflectance in green, red, red-edge and near infrared bands were derived from RapidEye imagery between 2011 and 2013. LAI and biomass data were collected during the same period for calibration and validation of the relationships between vegetation indices and LAI and dry above-ground biomass. Most indices showed sensitivity to LAI from emergence to 8 m 2 /m 2 . The normalized difference vegetation index (NDVI), the red-edge NDVI and the green NDVI were insensitive to crop type and had coefficients of variations (CV) ranging between 19 and 27%; and coefficients of determination ranging between 86 and 88%. The NDVI performed best for the estimation of dry leaf biomass (CV = 27% and r 2 = 090) and was also insensitive to crop type. The red-edge indices did not show any significant improvement in LAI and biomass estimation over traditional multispectral indices. Cumulative vegetation indices showed strong performance for estimation of total dry above-ground biomass, especially for corn (CV ≤ 20%). This study demonstrated that continuous crop LAI monitoring over time and space at the field level can be achieved using a combination of RapidEye, Landsat and SPOT data and sensor-dependant best-fit functions. This approach eliminates/reduces the need for reflectance resampling, VIs inter-calibration and spatial resampling.
Introduction
The availability of information about crop development and health during the growing season can be important for optimizing crop production. Spatially continuous high resolution crop development information can provide producers with relevant information allowing for efficient side-dress fertilizer applications (Scharf and Lory, 2002) , irrigation requirements (Bastiaanssen et al., 2000; Hunsaker et al., 2005) , disease and weed control (Luedeling et al., 2009; Mahlein et al., 2012) , as well as early yield forecasting (Groten, 1993; Mkhabela et al., 2011) . Leaf area index (LAI) and biomass are some of the most useful indicators of vegetation development and health for informing these agricultural management practices with respect to adjustments and requirements (Zhang et al., 2002) . LAI is also used indirectly as an input variable for primary production models, and crop growth and yield forecasting models (e.g. STICS: Brisson et al., 2003; Steduto et al., 2009; CERES: Fang et al., 2011; Bolton and Friedl, 2013) .
LAI and biomass are traditionally estimated through destructive, time-consuming in situ methods; more recent estimates are based on remotely sensed data, such as vegetation indices (VIs). Studies have established relationships between VIs and LAI (e.g. Liu et al., 2012; Nguy-Robertson et al., 2012) and biomass and yield (e.g. Bala and Islam, 2009; Chen et al., 2010; Liu et al., 2010) . Overall, VIs show variable sensitivity to different levels of LAI and biomass. The most commonly and widely used index, the normalized difference vegetation index (NDVI) is sensitive to low LAI (i.e. LAI < 2-3), but saturates at medium to high LAI (e.g. Nguy-Robertson et al., 2012) . A similar pattern is observed for the relationship between NDVI and biomass, with NDVI saturating at medium to high (fresh) biomass (around 2 kg/m 2 , e.g. Chen et al., 2010) shown greater sensitivity to higher LAI and biomass, such as the simple ratio (SR, Nguy-Robertson et al., 2012) , the modified triangular vegetation index 2 (MTVI2, Haboudane et al., 2004) and the cumulative MTVI2 (Liu et al., 2009) . Indices that incorporate the reflectance of red-edge bands such as the red-edge triangular vegetation index (RTVI) and the modified chlorophyll absorption ratio index (MCARI2) have increased potential for estimating LAI and biomass (e.g. Haboudane et al., 2004; Chen et al., 2010) . Most of the reported red-edge indices were derived from narrow band field spectroradiometers (e.g. Viña et al., 2011; Nguy-Robertson et al., 2012) , airborne spectrographic imagers (e.g. the compact airborne spectrographic imagery, CASI: Haboudane et al., 2004) , or medium resolution spectrometers (e.g. the medium resolution imaging spectrometer, MERIS: Viña et al., 2011) . In the application of satellite data to precision agriculture, crop information is required at sufficiently high spatial and temporal resolutions to enable within-field monitoring, the type of data that can be obtained from RapidEye, the first commercial high resolution constellation of satellites with a red-edge band. As a constellation of five, the RapidEye satellites can provide imagery over relatively large areas (swath of 77 km) at a spatial resolution of 5 m and a temporal resolution of 1 day, increasing the successful acquisition of cloud-free data. RapidEye's traditional broadband and red-edge indices were evaluated for grassland nitrogen and biomass (Ramoelo et al., 2012a,b) , forest LAI (e.g. Beckschäfer et al., 2014) , crop canopy chlorophyll content (Vuolo et al., 2010) and wheat ground cover and LAI (Jiali et al., 2012 ). Yet, its utility for LAI and biomass estimation in corn and soybean is not well documented. This study addresses this research gap by evaluating the applicability of RapidEye data for soybean and corn LAI and biomass monitoring. A multi-sensor approach using RapidEye data in combination with Landsat and SPOT data was also investigated for continuous field-level crop LAI monitoring. VIs based on combinations of reflectance in green, red, red-edge and near infrared bands were explored. Considering the saturation of VIs, the study also explored indices that have shown low or no saturation to high LAI or biomass such as the SR, MTVI2 and RTVI (Nguy-Robertson et al., 2012; Haboudane et al., 2004; Chen et al., 2010, respectively) .
The study was conducted in eastern Ontario, Canada. Corn and soybean are the two most abundant crops in this region. In 2013 these two crops had a combined harvested area of ∼70% (∼18.20 × 10 3 ha) of the total field crop area of Ontario (hay area not included, OMAFRA, 2014). The specific objectives of this study were to: (1) to explore relationships between RapidEye derived vegetation indices and LAI and biomass; (2) to determine transfer functions for estimation of LAI and biomass of two crop types (corn and soybean) with contrasting leaf structures (monocot vs. dicot), canopy architectures (erectophile vs. planophile leaf angle distribution) and photosynthetic pathways (C4 vs. C3), without individual crop parameterization; and to develop LAI and biomass maps with associated measures of uncertainty and (3) to investigate Landsat and SPOT derived LAI for continuous multi-sensor field-level crop LAI monitoring.
Methods

Study area and cropping systems
The study site was located within an experimental watershed area (∼950 ha) in eastern Ontario, Canada (45.26 N, 75.18 W) . The area is characterized by dominant silt loam soils, low topographic variations (slopes < 1%) and humid continental climate (Cicek et al., 2010) . Agriculture is characterized by one harvest per year, with corn and soybean being the dominant crops. More details about this area are described in Cicek et al. (2010) and Crabbé et al. (2012) . Corn (Zea mays L.) and soybean (Glycine max L.) crops were grown on the experimental fields where in situ data was collected (Fig. 1) . Agronomic practices are conventional for row crop agriculture in this region of Canada (OMAFRA, 2013) . Tillage practices typically consist of fall moldboard plowing and spring cultivation using chisel style implements. Generally, crops are planted in early to late May and harvested between late September and early November. Crop row spacing is generally 40-50 cm for soybean and 60 cm for corn. Soybean crops in fields 1 and 2 for 2011 and 2012 were planted with a twin-row cropping system. Soybean and corn plant densities were generally 354,000 and 64,200 plants/ha, respectively (Sunohara et al., 2014a) . Fertilizer generally consists of broadcast application of granular urea prior to planting and a granular starter application. Fertilizer rates are generally ∼170 kg N/ha for corn, ∼3 kg N/ha for soybean, depending on soil and crop requirements. Fields 18 and 19 received liquid dairy manure applications (at rates ∼70,000 L/ha) in the fall of 2011 and spring of 2012 (Sunohara et al., 2014b) . A fall application of municipal bio-solids was applied in 2012 to fields 7 and 8.
In situ data
Two to three sampling sites were selected per field from 15 agriculture fields in the study area (Fig. 1 ). Measurements were conducted at weekly intervals during the crop growing season (May-October); at each LAI sampling site 14 digital hemispherical photos (Nikon DS300 camera with a F12.5 mm fisheye lens) were collected every 5 m along two parallel transects separated by 5 m. The use of transects for indirect LAI estimation over crop rows has been previously supported and tested successfully (e.g. Strachan et al., 2005; Canisius et al., 2010) . LAI was estimated from the digital hemispherical photos using the Can-Eye software, version 6.2 (http://www6.paca.inra.fr/can-eye).
Above-ground crop biomass was collected from the LAI sampling sites in 2012 and 2013. At each sampling site 10 plants were collected (from two randomly selected adjacent rows within the sampling site); the plants were separated into leaves, stems and fruits/seeds and were dried in an oven for about 72 h at 80 • C. The dry biomass was weighted and scaled to leaf and total biomass per m 2 using plant density (which was measured as the average number of plants along 10 m within a row and across 10 rows).
Satellite data
A total of 32 RapidEye images were used from the growing seasons of 2011-2013 (Table 1 ). All images were orthorectified in PCI's OrthoEngine (PCI Geomatica v10.3), using the image's rational functions. Additional GCPs were manually collected using an Ontario road map that was derived from the National Topographic Data Base, Canada (NTDB, 2007) . The images were then atmospherically corrected using PCI's ATCOR2 (PCI Geomatica v10.3). Cloud masks were manually created for all images and all image values under the cloud masks were set to NoData. To evaluate the use of Landsat and SPOT data for field-level multi-sensor LAI monitoring, two Landsat and three SPOT images were obtained for 2011 (Table 1) . SPOT images were ortho-rectified in PCI's OrthoEngine; and both SPOT and Landsat images were atmospherically corrected using PCI's ATCOR2.
Vegetation indices
Indices selected for evaluation used a combination of visible, near-infrared and red-edge bands (Table 2) , including: NDVI, SR, red edge normalized difference vegetation index (NDVIre), red edge simple ratio (SRre), green NDVI (gNDVI), MTVI2, core red edge triangular vegetation index (RTVI core ). The NDVI, SR, gNDVI, MTVI2, the land surface water index (LSWI) and moisture stress index (MSI) were computed from the SPOT and Landsat images.
From all images, zonal statistics of the ground LAI sampling sites were extracted using a rectangular buffered area of about 50 m × 50 m. Only images within ±3 days of the ground data collection dates were included in the analysis. For estimation of LAI from RapidEye there were 139 matching LAI site-observations (Table 1) and 30 matching biomass site-observations (12 corn, 18 soybean). For Landsat and SPOT there were respectively 10 and 13 matching LAI site-observations (Table 1) .
The applicability of both VIs and cumulative VIs was evaluated for estimation of total biomass. Cumulative VIs have been used as a proxy for absorbed photosynthetically active radiation (APAR, e.g.: Liu et al., 2009) which is proportional to total biomass (Monteith, 1972) . For each biomass sampling site, daily VI time-series were created from all the multi-temporal RapidEye images (Table 3) using a logistic function (Zhang et al., 2003, Fig. 2) . Cumulative VIs (i.e. igNDVI, iMTVI2, iNDVI, iNDVIre, iSR, iSRre, iRTVI core ) were calculated using numerical integration in Matlab v. R2013. There were 48 biomass sampling site-observations (24 corn, 24 soybean); each sampling site observation was matched with the cumulative VI value from day of year (DOY) 140 (representing the approximate baseline for VIs, corresponding to approximate planting date) to the date of the biomass sampling.
Analysis
Matlab's (v. R2013) curve-fitting toolbox was used to evaluate the best-fit linear and non-linear relationships between VIs and LAI and biomass (i.e. objective #1). The relationships were assessed through goodness-of-fit measures obtained from the curve-fitting analysis, including the coefficient of determination (r 2 ) and the root mean squared error (RMSE).
An independent validation was performed to determine the final best-fit models (i.e. objective #2). In this analysis 70% of the sampling site-observations were used for calibration and 30% for validation. In addition to r 2 and RMSE, the mean absolute error (MAE) and the coefficient of variation (CV) were also reported to evaluate the fit of the models. RMSE and MAE characterize the mean differences between measured and estimated variables: MAE is less sensitive to extreme data values (Willmott, 1982) . CV gives an indication of the difference compared to the mean of the observed variable (calculated as the ratio of RMSE and the mean of the measured variable multiplied by 100).
In practice, the usefulness and the operational value of VIs for estimation of plant biophysical variables increases when there is no need for model parameterization for each crop type. In this study, r 2 values of the relationships between most of the VIs with LAI and leaf biomass were high (>80%) for the two crops combined (and for the individual crops). To test the robustness of the pooled regression models (based on the two crops combined), errors of estimated LAI and leaf biomass of each individual crop were compared with errors of estimated LAI and leaf biomass when the two crops were combined. In addition, an F-test statistic was calculated to verify if the regression coefficients of the pooled data and the regression coefficients of the individual crop data were equal (Chow test, Chow, 1960) . When p-values were larger than 0.05, the VI was determined as being insensitive to crop type, meaning that the pooled regression model can be used for estimating LAI or leaf biomass in both corn and soybean fields.
For total biomass, r 2 values of the relationships between integrated VIs and total biomass were lower for the two crops combined (54-75%), than for the individual crops (up to 92%); therefore individual crop specific regression models were used to estimate the total biomass of corn and soybean.
To investigate Landsat and SPOT derived LAI for continuous multi-sensor field-level LAI crop monitoring (i.e. Objective #3), LAI estimated from matching dates was compared for RapidEye and Landsat (image from 5 July 2011) and RapidEye and SPOT (image from 22 July 2011). The comparison was made between field averages. A total of 109 fields (66 corn fields, 43 soybean fields) were used for the RapidEye-Landsat comparison, and 110 fields (66 corn fields, 44 soybean fields) were used for the RapidEye-SPOT a "Matching" refers to the images that matched ground data collection dates.
Table 2
References and equations of VIs used in this study.
Index Acronym Equation Reference
Green comparison. The comparison was done using boxplots, independent t-tests for the mean field LAI, and correlation analysis.
Results and discussion
Relationships between RapidEye vegetation indices and LAI and biomass
In situ measured maximum LAI (between mid-July and midAugust) was lowest in 2011 (on average, 5 m 2 /m 2 for corn and 6 m 2 /m 2 for soybean) and highest in 2013 (on average 7 m 2 /m 2 for both crops). In 2012, maximum average LAI was 6.5 m 2 /m 2 for corn and 6 m 2 /m 2 for soybean. All VIs were sensitive to the entire range of LAI values (from crop emergence to 8 m 2 /m 2 , Fig. 3 ) with varying scatter of data points around the fit line and with r 2 ranging between 0.83 and 0.92 (Fig. 3) . Previous studies have shown good relationships between in situ LAI and MTVI2 derived from Landsat data (e.g. Liu et al., 2009) , simulated MODIS data (Nguy-Robertson et al., 2012) and hyperspectral CASI data (Haboudane et al., 2004) . LAI plotted against RapidEye MTVI2 showed two data clusters for LAI values above and below 3 m 2 /m 2 (Fig. 3b) . MTVI2 is sensitive to leaf inclination angle ), yet crop type did not explain the pattern in this study as individual crop plots showed similar patterns. The best-fit functions for gNDVI, NDVI and NDVIre RTVI core were linear, but all these indices exhibit some saturation when LAI reaches 6 m 2 /m 2 (Fig. 3a, c and d ). This sensitivity is still higher than the sensitivity of these indices when derived from other sensors, which have saturated around 4 m 2 /m 2 (e.g. Viña et al., 2011; Nguy-Robertson et al., 2012) . The RTVI core , SR and SRre showed no saturation along the entire LAI range: SR and SRre continue to increase, even after the LAI reaches its maximum value (Fig. 3e-g ). Considering that photosynthesis can continue increasing after LAI reaches its maximum, these indices may be indicators of both structural (e.g. LAI) and biochemical properties (e.g. chlorophyll). For SR, In all panels, dots represent soybean, triangles represent corn. The solid line is the best-fit function for the combined crops. All LAI sampling site observations were used to illustrate the relationships.
this is consistent with Broge and Leblanc (2001) who reported good performance of SR for estimating both LAI and canopy chlorophyll density for vegetation with low density. The results from this study suggest that the SR is also applicable in vegetation with high density, which is consistent with findings from Nguy-Robertson et al. (2012) .
Contrary to the LAI relationships, the relationship between MTVI2 and biomass was similar to the relationships between gNDVI and NDVI with leaf and total biomass: all indices became invariant around 400 g/m 2 and around 800 g/m 2 for leaf-and total biomass, respectively (Figs. 4a-c and 5a-c) . NDVIre and SRre saturated around the same levels of leaf biomass, followed by a decrease in the indices (Fig. 4d and f) . For total biomass, however, NDVIre had a higher asymptote (Fig. 5d) . RTVI core and SR exhibited linear relationships with leaf biomass, with no signs of saturation along the entire range. The relationship with total biomass saturated around 800 g/m 2 , followed by a decrease in VI values. Total biomass includes more photosynthetically inactive components (e.g. stem, fruits) than leaf area or leaf biomass, which are likely to affect the relationship between VIs and the photosynthetically active components. Cumulative VIs were a better approach for estimation of total biomass, r 2 values of initial curve fittings (including all data In situ measured LAI reached a maximum while in situ measured biomass continued to increase (Fig. 8) . LAI reached its maximum values when leaf and total biomass were around 400 and 800 g/m 2 , respectively: the same levels as most of the vegetation indices. This suggests that these indices reflect structural properties (e.g. LAI) and not biochemical properties. Cumulative indices, however, did reflect the biochemical properties. 
Transfer functions for estimation of LAI and biomass
Independent validation of the best-fit functions demonstrated good performance of all VIs (MTVI2 was not selected based on its poor performance in the initial curve fitting analysis) for estimation of LAI of corn and soybean combined (Fig. 3) ; CV values ranged between 20 and 27%. Two of the red-edge indices (RTVI core and NDVIre) had the highest CV values among all indices, but the NDVIre was insensitive to crop type (Tables 4 and 5) , which support findings from Nguy-Robertson et al. (2012) . gNDVI, NDVI, SR and SRre had similar errors; CV values were between 18 and 21% for individual and combined crops. Similar error ranges were reported when combining NDVI and SR for estimating low and high LAI, respectively (Nguy-Robertson et al., 2012) . The RapidEye indices showed an advantage as they can be used individually for estimation of corn or soybean LAI from emergence to 8 m 2 /m 2 . gNDVI and NDVI were also insensitive to crop type (Table 4, Table 5 ). The NDVI was used to create LAI maps for 2012 and 2013, as examples of contrasting exceptional dry (2012) and wet (2013) years (Fig. 9) .
For estimation of leaf and total biomass NDVI, RTVI core , SR and NDVIre were selected as these indices showed best performance in the initial curve fitting analysis. The independent validation of the relationships resulted in medium to poor performance of all VIs for estimation of both leaf and total biomass with CV values ranging between 24 and 195% ( Table 6 ). The NDVI performed best for estimation of leaf biomass and was also insensitive to crop type (Table 6 ). Independent validation of total biomass estimated from cumulative VIs demonstrated superior performance of iNDVI, iRTVI core , iSR and iSRre for estimation of corn biomass, with CV values of 16, 23, 21 and 14%, respectively (Table 7) . R 2 values ranged between 0.94 and 0.97. Errors were larger for estimation of soybean biomass, CV values ranged between 40 and 72%: iMTVI2 had the lowest CV. NDVI was used to create leaf biomass maps and iSRre was used to create total corn biomass maps for 2012 and 2013, as examples of contrasting exceptional dry (2012) and wet (2013) years (Fig. 9 ).
Continuous field crop LAI monitoring using RapidEye, Landsat and SPOT imagery
The use of multiple satellite sensors for near real-time crop monitoring increases the opportunity to obtain continuous information, bridging gaps in available imagery due to unexpected sensor failures or cloud cover. This concept exploits multiple satellite platforms as a virtual constellation. Multisensor approaches also permit exploitation of data from past years, accessing information from historical satellite archives. Such information can be used to analyze longer term trends in crop response to the effects of weather and land management practices, providing important information for future decision-making. RapidEye data are available from 2009. To support temporally continuous crop monitoring this analysis evaluated how LAI derived from Landsat and SPOT compares to LAI derived from RapidEye. Best-fit functions were determined for matching Landsat, SPOT and RapidEye imagery and were compared to field-average LAI values between sensors. The results of this analysis should be interpreted with caution considering that the curve-fitting analysis was based on a few available site-observations. For both sensors, LSWI performed best for estimation of LAI (r 2 of 0.97 for Landsat, both crops, n = 10; r 2 of 0.98 for SPOT, both crops, n = 13). Landsat-derived field LAI correlated well with RapidEye-derived field LAI for individual and combined crops (r 2 ranging between 0.95 and 0.98, Fig. 10) ; with no significant differences between the average field LAI values (Fig. 11) . Correlation analysis between the SPOT-derived field LAI and RapidEye-derived field LAI ranged between 0.84 and 0.93, but there was high scattering of the data points from the linear fit. The t-test showed a significant difference between RapidEye and SPOT LAI values of soybean fields.
These results indicate that an integration of data from multiple sensors could potentially support longer term monitoring of LAI based on sensor-dependant best-fit LAI transfer functions. This approach eliminates the need for spectral resampling of sensor reflectance, inter-calibration of VIs among sensors or spatial resampling of images from different sensors before estimating the LAI. 
Conclusions
Studies so far have not addressed the applicability of RapidEye's constellation for within-field corn and soybean LAI and biomass monitoring. This study demonstrated the utility of RapidEye data for obtaining crop information at relatively high spatial and temporal resolutions using VIs and transfer functions that are insensitive to crop type. Producers can use such crop information during the growing season for optimizing crop production.
Seven RapidEye VIs were evaluated for estimating LAI and biomass of corn and soybean, crops with contrasting leaf structures, canopy architectures and photosynthetic pathways. Overall, most of the indices had good linear or exponential relationships with LAI and showed sensitivity along the entire range of LAI values, from emergence to 8 m 2 /m 2 . The red-edge indices did not perform consistently better than the other indices, even though some indices showed more sensitivity to biomass than the non-red-edge indices. The green NDVI, NDVI and NDVIre were insensitive to crop-type; one LAI transfer function can be used for both crops without reparameterization. Most indices saturated when leaf biomass was about 400 g/m 2 , and when total biomass was around 800 g/m 2 . Cumulative VIs performed well for estimation of total biomass, especially for corn. Finally, this study demonstrates the potential of using Landsat and SPOT images in a multi-sensor virtual constellation approach for continuous field LAI monitoring over time and space.
